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VECTOR SIMILARITY MEASURES FOR SIMPLIFIED 
NEUTROSOPHIC HESITANT FUZZY SET AND THEIR 
APPLICATIONS 


TAHIR MAHMOOD, JUN YE AND QAISAR KHAN 


ABSTRACT. In this article we present three similarity measures between sim- 
plified neutrosophic hesitant fuzzy sets, which contain the concept of single 
valued neutrosophic hesitant fuzzy sets and interval valued neutrosophic hes- 
itant fuzzy sets, based on the extension of Jaccard similarity measure, Dice 
similarity measure and Cosine similarity in the vector space. Then based on 
these three defined similarity measures we present a multiple attribute decision 
making method to solve the simplified neutrosophic hesitant fuzzy multiple cri- 
teria decision making problem, in which the evaluated values of the alternative 
with respect to the criteria is represented by simplified neutrosophic hesitant 
fuzzy elements. Further we applied the proposed similarity measures to pat- 
tern recognition. At the end a numerical examples are discussed to show the 
effectiveness of the proposed similarity measures. 


1. INTRODUCTION 


The evidence provided by people to examine issues is frequently fuzzy and crisp, 
and the fuzzy set (FS) has been verified to be very important in multi-criteria 
decision making. FS theory was first presented by L. A. Zadeh in 1965/49] seeing 
degrees of membership to progressively asses the membership of elements in a set. 
After the introduction of FS, atanassov[I] presented the concept of intuitionistic 
fuzzy set (IFS) by considering membership and non-membership degrees of an 
element to the set. Atanassov et al. extended IFS to interval valued intuitionistic 
fuzzy set (IVIF'S){2]. After the introduction of IFS a lot of similarity measures 
are proposed by many researchers as the extension of the similarity measures for 
FS, as a similarity measure is an important tool for determining similarity between 
objects. Li and cheng[20] presented similarity measure for IFS which is the first to 
applied them to pattern recognition. 5.K De et al. gave some application of IFS 
to medical daignosis[I9]. Ye[36] presented cosine similarity measure for IFS and 
applied it to medical diagnosis and pattern recognition. Ye[37 [38] also presented 
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cosine similarity measure and vector similarity measures for IVIFS and trapezoidal 
IFN and applied them to multiple criteria decision making problem. 
Neutrosophic set( NS) was first presented by F. Smarandache[25] [26] which 
simplifies the concept of crisp set, FS, IFS, IVIFS, and so on. In NS its inde- 
terminacy is computed unambiguously and its truth-membership, indeterminacy- 
membership and falsity-membership are signified freely. NS simplifies all the above 
defined sets from philosophical point of view. Several similarity measures for NS 
has been defined by Broumi. S. et al. [3]. Broumi. S. et al. {6} [7] [8] (9) (70) 1) 
single valued neutrosophic graph, Bipolar Single Valued Neutrosophic Graphs, 
Isolated Single Valued Neutrosophic Graphs,Bipolar Single Valued Neutrosophic 
Graph Theory, Single Valued Neutrosophic Graphs: Degree, Order and Size, and 
An Introduction to Bipolar Single Valued Neutrosophic Graph Theory. Majumdar 
et al.[21] presented similarity and entropy for NS. NS is difficult to apply in real life 


and engineering problem. The concept of single valued neutrosophic sets SV N S's 
was introduced for the first time by F. Smarandachein 1998 [25]. Wang et al. 


[30] [31] introduced the concept of interval neutrosophic sets ( JN Ss) and provided 
basic operation and properties of SVNSs and INSs. The SVN: Ss and INSs 
is a subclass of NS. Sahin R. et al.[24] defined subsethood for SVNSs. Zhang 
et al [50] also defined some operation for INS. Ye{39] [40] [41] [42] defined corre- 
lation coefficient, improved correlation,entropy and similarity measure for SVNS 


and INS and gave their application in multiple attribute decision making prob- 
lems (MCDM ). Broumi. S. et al. [4][5] presented correlation and cosine similarity 
measure for INS. Ye[43] presented the concept of simplified neutrosophic sets ( 
SNSs) which contained the concept of SVNS and INS and defined some basic 


operation for SN Ss and applied them to multi-criteria decision making problem. 


Ye [44] [45] also defined vector similarity measures for SVS and improved cosine 
similarity measures for SNSs. Peng et al{18] find some drawbacks of the operation 
for SNS defined by Ye and presented new operations for SNS. 

Hesitant fuzzy set ( HFS) is another generalization of FS proposed by Torra 
and Narukawa[28] [29]. The advantege of HFS is that it authorizations the mem- 
bership degree of an element to a given set with a limited different values, which 
can ascend in a group decision making problem. Recently a HFS has acknowl 
edged more and more consideration since its presence. Xia and Xu [32] [33] [34] [35] 
presented hesitant fuzzy information, similarity measures for HFS and correlation 
for HFS.Chen et al[13] presented some correlation coefficient for HFS and ap- 
plied them to clustering analysis. Ye{46] presented vector similarity measures for 
HFS. Chen et al.{[2] further extended HFS to interval valued hesitant fuzzy set. 
(I VHFS) Farhadinia. B [15) [16] defined information measures for HES, and 
IVHFS. and distance measures for for high order HFS. 

Dual hesitant fuzzy sets (DHF: F'S) was presented by Zhul51j {52} 52] which is the 
generalization of HF HFS, F FS, IFS and fuzzy multi sets are re special cases of DHFS. 
Recently Su. Z{27| presented similarity measure for DHF )HFSs and applied it to 
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pattern recognition.Correlation of DHFS was presented by Ye|47] and applied 
them to MCDM under DHF information. As mentioned above that hesitancy 


is the most common problem in decision making for which HFS is a suitable 
means by allowing several possible values for an element to a set. However in 


HFS they consider only one truth-membership function and it cannot express this 
problem with a few different values assigned by truth-membership hesitant degree, 
indeterminacy-membership degree, and falsity-membership degrees due to doubts of 
decision makers.and also in DHF: S they consider two functions that is membership 
and non-membership functions and can not consider indeterminacy-membership 
function. To overawed this problem and the decision maker can get more informa- 
tion Ye | Ye presented the concept of single valued neutrosophic hesitant fuzzy sets 
(SVNH A HF). and defined son some basic operations, aggregation operators and applied 
it to MCDM under SV NHF environment. Lui P. presented the concept of in- 
terval neutrosophic hesitant fuzzy set (INHI NH F) and defined some basic operations, 
aggregation operators and applied them to multicriteria decision making problem. 

Since vector similarity measures played an important role in decision making, so 
we present vector similarity measures for SN HF and then give its applications in 
MCDM and pattern recognition. 

The rest of the article is organized as follows. In section 2 we defined some basic 
definitions related to our work. In section 3 we defined vector similarity measures 
for simplified neutrosophic hesitant fuzzy sets. In section 4 we apply the proposed 
similarity measures to multi attribute decision making problem under simplified 
neutrosophic environment. in section 5 we apply the proposed similarity measures 
to pattern recognition. At the end we give some numerical examples to show the 
effectiveness of the proposed similarity measures, conclusion and references are 
given. 


2. PRELIMINARIES 


In this section we define some basic definitions about hesitant fuzzy sets, interval 
valued hesitant fuzzy set, single valued neutrosophic hesitant fuzzy set, interval 
neutrosophic hesitant fuzzy sets and the vector similarity measures, such as Jaccard 
similarity measure, Dice similarity measure, Cosine similarity measure. 


Definition 2.1. [28] [29] Let U be a fired set, a hesitant fuzzy set M onJU is defined 
in terms of a function f(a) that when applied to U returns a finite subsets of [0, 1). 
Hesitant fuzzy set is mathematically represented as, 


M = {(a, fy(a)|a € O)}, 
Where f(a) is a set of some different values in [0,1], denoting the possible 
membership degrees of the element a € U to M. 


Definition 2.2. [12] Let U be a fixed set, an interval valued hesitant fuzzy set D on 
U is defined in terms of a function f(a) that when applied to U returns a finite 
set of subintervals of [0,1]. An interval valued hesitant fuzzy set is mathematically 
represented as, 
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rE) = {(a, fa(a)la € OY}, 
Where f(a) is a set of some different values in [0,1], denoting the possible 
membership degrees of the element a € U to i, 


Definition 2.3. [48] Let U be a non empty fired set. A single valued neutrosophic 
hesitant fuzzy set N is the structure of the form: 


N = {(a,t(a), (a), F(a))} 

In which #(a),%(a) and f(a) are three sets of some values in the real unit interval 
[0, 1], representing the possible truth-membership hesitant degrees, indeterminacy- 
membership hesitant degrees and falsity-membership hesitant degree of the element 
a € U to the set N, respectively, with the condition that 0 < y,v,w < 1 and 
O<yt+yt+yt < 3, where y € ta), x € i(a),b € f(a), pt =U,eymax{y}, xt = 
U, qmax{x}, pT =U, 7max{yp}. 


Definition 2.4. [22|Let U be a non empty fixed set. A interval neutrosophic hesi- 
tant fuzzy set H is structure of the form 


H = {(a,t(a),%(a), f(a))} 

In which #(a),%(a) and f(a) are three sets of some interval values in the set. of 
real unit interval [0, 1], representing the possible truth-membership hesitant degrees, 
indeterminacy-membership hesitant degrees and falsity-membership hesitant degree 
of the element a € U to the set H, respectively, with the condition that y = 
ly’, e¥] € Ea), x = x, x"] € H(a),b = [b', b*] € F(@) C [0,1] and 0 < supyt + 
sup xt +sup~* < 3,y* = U,ezymax{y}, xt =U, qmax{x}, yt =U, -7max{y}. 


2.1. Vector similarity measures. Let A = (c1,¢o,...,Cm) and B = (e1, €2, ...,€m) 
be two vectors of length is m where all the coordinates are positive. The jaccard 
similarity measure of these two vectors [I7] is given by 


Creek 
J(A, B) = el? = rat (2.1) 
AIS +11BI23-AB Ss . 


— 
a De — 3s eee 
k=1 k=1 k=1 


m 


Where A.B = S> cxex is the inner product of the vectors A and B and ||A\|? = 
k=1 


> c? and ||B\|? =,/ > e? are the Euclidean norms of A and B. 
k=1 k=l 


Then the Dice similarity measure [14] is defined as follows: 


2 > Ck€k 

D(A, B) = 2AB  _ _isi (2.2) 
AIS +1BI2 - , 

° e Gath G, 

k=1 k=1 


and the Cosine similarity measure{23] is defined as follows: 
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a5 Chek 
C(A, B) = = (2.3) 


eta [m [m 
Pay Ch. Le 


The Cosine similarity measure is nothing just the cosine angle between two 
vectors. 

the above formulas are same in the sense each take the value in the unit interval 
(0, 1]. The jaccard and dice and cosine similarity measures are respectively undefined 
if c,h =e, = 0, fork =1,2...m and cy = 0 or ex, = 0, k = 1,2...m. Now we assume 
that the cosine similarity measure equal to zero when cx, = 0 or ex, = 0, k = 1,2...m. 

These vector similarity measure satisfy the following properties for the vectors 
A and B. 


(1) J(A,B) = J(B,A), D(A, B) = D(B,A), esas a) 
(2)0 < J(A,B), D(A,B),C(A,B) < 
(3) J(A,B) = D(A,B)= a ee 


3. VECTOR SIMILARITY MEASURE FOR SIMPLIFIED NEUTROSOPHIC HESITANT 
FUZZY SETS 


If the simplified neutrosophic hesitant fuzzy set contains finite set of single points, 
that is single valued neutrosophic hesitant fuzzy set. Then the Jaccard, Dice and 
Cosine similarity measures are defined as follows: 


Definition 3.1. Let A and B be two SVNHFSs on the universal set 0 = {u1, U2, ...;Um}, 
respectively denoted by A = {tiga Ta (is), 2g (Uz) ealuy) ue Ee U} and B = {ig Tau; ), tae), KlUs) us 
u} for all j =1,2,...,m.Then we define the jaccard, Dice and cosine similarity mea- 
sures for SVNHFSs A and B as follows: 


le; le; 
=a TAG (uj Boi) (uj) + » UAo(i) (Uj) CB (a) (uj ) 


le; 


+ »  o(é) (Uj )F Bo) uj) 


oo a a 1 * 

Jgvmrs (4, B) = — > — e 
SVNHFS m <> : ean (i,)| o 3 [Fae (és)] “4 act (a,)| 
le; 

; 


Fao (ts)] +3 [Fao (ts)| + 

l ae I 

Tig (i) (Uj) TB oi) (Uy) + 2 Moti (tj) Bo(4) (Uy) + 
le; * 


» R Aoi) (Us) F Bo i) (Us) 
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le; le; 
De Fao iy U5) FB oi) (Us) + DD Coa) (Us OB) (ty) 
i=l ' i=1 


+ = Kio( (i) (U5) FB (%) (u;) 


- le; 


ma > [Faroc (is)] +2 Fao tia) +E [aot (és)) 


i=l 


+ 5 Fee (i) \(@)) + x Es. (i) \(a)) +3 Fpow (ts) 
(2) 
le; ie S 


Thetli (a; Boi) (w;) + u LAa(i i) (tj Boi) (w;) 1 > KAo(i) (Uj) FB) (u;) 


C wires As B) = oan 2 2 2 
jal > [Fae (és)| > [eae (s)| 3 [aon (ts)| 


Here le; = max(le(Tz(u,;), €7(t;), Rq(a,)), le(F5(G,), Eg (U;), Re(G,;))) for all a, € 
U, where belt 4(G;),0 q(t), Rx (t;)) and le(T (tj), 0 (u;), RR(u;)), respectively rep- 
resents the number of values in T7(tj),7q(u;),& q(U;) and Tg (Uj), 7R(U;), RR(U;). 
When the number of values in 77(t;),7q(U;), &z(a,j) and Ts (U;), 75 (Uj), KB(U;). are 
not equal that is le(Tq(u,;),¢q(u;),Rq(u,;)) A le(TR(U;), OR (tj), g(U;)). Then the 
pessimistic add the minimum value while the optimistic add the maximum value. 
This depend on the decision makers that was successfully applied for hesitant fuzzy 


sets by [34]. 


The above defined three vector similarity measures satisfy the condition defined 


2 (Ai) J svyitps (A, B) = Isvntrs\B: A), Doyvwrs(A: B) = Doyrirrs(B: A) Csvnars(A: B) = 
Csyvwirs(B, A). ee. es oe poe 

(Az) O< I svwires(A: B), Dovnites(A: B), Cs vivirs(A, B) <i. 

(As) Jsyvyars(4:8) = Dovnrs(A: 8B) = Covnars(A, B) =< 10,0 > 
iff A=B 


Proof. (A1) obviously it is true. 


(A2) obviously the property is true due to the inequality Z? + 9? > 2%y for eq 1 
and eq 2 and the cosine value for eq 3. 

(A3) When A = B then Fata) = Falta): Eq( ts) = Eg(uy) and Kx (t;) _ Kp (tj) 
for each u,; € U, a= = 1,2,. ...,m. So there are 

Foosireg(A B) = 1 Dicrecs( AB) =1and Csvwars(4,B)=1 0 

In real life problem, the elements &; (j = 1,2,...,m) in a universal set U = 
{ii, ti, ..., Uj} have different weights. Let @ = (w1, a, ..., w;)7 be the weight vec- 


m 
tor of ti; (fj =1,2,...,m) with w; > 0,7 =1,2,...,m, and >) w; = 1. Therefore we 
j=l 
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extend the above three similarity measures to weighted vector similarity measures 


for SVNHFSs. beet nde + ab 
The weighted Jaccard similarity measure for SV NHF'Ss A and B as follows: 


le; le; le; 
* 2. Um 2 To iy (Uy TB (iy (Ua) + Py Cai) (Uy UB (ay (hy) + » R Zo iy (M9) F Boi) (Us) 
J sVNHFS (A, B) = ds Wj le; 2 le; 2 le; 2 
i Y [Fao lt] +& [ral] +E [Rec (ts)| 
te; 2 Te; 2 te; 2 
+¥ [relia] +X [Fao] +E [Fae (%s)] - 
le; le; le; 
e To iy (Uy TB (iy (Ua) + a Cai) (Hy PB ay (thy) + y Knee) 
ee 7 (4) 
The Dice similarity measure for SV NH F'Ss A and B as follows: 
le; le; 
y Tio i) Ua) T Boa (Ua) + » CHa i) Us) eBay (Uy) 


9 : 
le; 
a » K Ao(i) (Uj )F Bo) (w;) 


i 


m 

Be an 

Dsvnurs(A, B) = > 475 iS ies le; 
a 


Y [ram tia)) +¥ Fala] +E [Rao] 


oe 2 le; 2 le; 2 
+ » eee (i,)| + > eee (i,)| + > [soci (ts)| 
(5) 
The Cosine similarity measure for S VNHFSs A and B as follows: 
le; le; le; 
- 2m 2. Tot) (Ui )T Bo (ay Uy) + DU Cage (Us) Bos) (Us) + 2 Fag(i) (ty) Boi) (ts) 
Cyyvnars(A, B) = i = ; era a : 
j=l capa ee . EIT 84 CaP a 
y [Foci (ts)| T oD |’ Ao (i) (w;)| T > [Fae (ts)| 
le; 2 hey 42 le; 2 
DB Face (ia) + y 7A (ay (ts) | + a [Faery (ts)| 


If the SNHF'S contain a set of interval values instead of a set of single points. 


Then 
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le; le; 
Do Tao Ha) Boa bts) + D7 
le; le; 
+ 2 Fg ay Ha) Bacay Ui) + De Pata Ha) Baca a+ 
le; le; 
> oe 1 ue =) Rai) i) Bea) Us) * = Re 
J syntirs(4 B) 1 Se DS le; Piet 
j=l =L ~ U a 
i=l Feo 6%)| ¥ Ps [7 (Ms) 
le; 2 le; 
—f, ~ ~ 
> Banca) = u ean (a,)| 
le; 2 le; 
=L a U “ 
Xoo] +2 Bn] 
le; ae 2 le; 
% aco] + 2 [Foro %) 
le; le; 
TE. (Uj)TE. (Uy) + ST 
2 Tae I) Bo aM) % 
j - ie 4 . a ej 4; 
+ 2 Fae! ME acy i) u yer 5) 
le; le; 
<1 a ae = 2 
fa Raa’ i) Fg) (Uz) » Kos) Uz) 


i=1 i=l 
le; ; 
CH OPE 
z a j= Kos) Us) Bec i) > 
le; : 
Ae ree 1 m + o Ra ay Us PB) Ua) T » Re  (U 
Doynrg A, B) = a De = a 
- Pia] + > [FE ci) 
le; 2 le; 
ee a <L ye 
u ban (a,)| +2 | Koti)! j) 
le; 2 le; 2 
ttl +E Ph 
x | Boi) i) mi Bots) 5) 
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The cosine similarity measure for [NHF Ss. 


The weighted Jaccard similarity measures for [NHF'S 


Wi (A, B) = 


SVNHFS 


The weighted Dice similarity measure 
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Aoi 


WD (A, B) = 


SVNHFS 


ny 


A, B) = 


CovNTTFS ( 


4. MULTI ATTRIBUTE DECISION MAKING WITH SINGLE VALUED NEUTROSOPHIC 
HESITANT INFORMATION 


In this section we present a multi-criteria decision making method adapted from 
Ye[46] to utilize the vector similarity measures for S VNHFSs and INHFSs with 
SVNHF and INHF information respectively. 

For a MCDM problem with S VNHAF and INHF information respectively, let 
A = {A,, Ao,...,An} be a set of alternatives and C= FOO agora be a set 
of attributes. If for the alternatives A; (for 7 = 1,2,...,n) the decision makers 
provide several values under the criteria C, (for i = 1,2,...,m), then each value 


is considered as a SV NHF element and INHF element (abana Jor 7 
Lo 2th, t= LQ), 
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Therefore we can stimulate a SV NAF and INHF decision matrix respectively 
D = (Tas Lyi, Ryji)nxmy where (Ta, Lyi, Ryi)( for j = 1, 2, see TL, t= al 2, veep M). 18 in 
the form of SV NHF elements or [NHF elements. 

For the selection of best alternatives in multiple-criteria decision making envi- 
ronments,the concept of ideal point has been used in the decision set. Although 
in real world the ideal point does not exists. The ideal point deliver a suitable 
theoretical hypothesis to evaluate alternatives. Therefore we define each value 


in each ideal SVNHF or INHF clement (7;,0;,%;) for the ideal alternative 


At = {(C; (77,8, RIC: € Ch as TF, (h) = Goce) = % Roce) = 9 or Ton) = 
[151], oc) = [0,9], F554) = [0,0], io k =1,2,...,le;, where le; is the number of 


values or interval values in (7);,0j:,%;:)( for j = 1 2y2ie Ms. 4S De) 

For the different importance of each criteria the Mea: vector of criteria is 
given as @ = (W1, Wo,..., Wm)", where w; > 0,4 =1,2,...,m, and 0", a; =1. 

Then we exploit the three weighted vector similarity measures for S VNHFSs 
or INHFSs for MCDM under SVNAF or INHF information, which can be 
defined as follows: 

Step 1. Calculate one of the three vector similarity measures between the 
alternative A; (for 7 = 1,2,...,n) and the ideal alternative A* by using one of the 
three formulas: 


le; le; 
u THo(i) (Ui) g(a) (uj) + » ’Ao(i) (u; Treats) (uj) 
le; 
pee, A A* “ - 4: * Ao(i) (ty) (4) (uj) 
7) sonnel ae ) 7 ym le; 2 le; 2 
j=l u [Faery (is)| + uu bes (a,)| 
le; 2 le; 2 
ee [Fai (a,)| 29 u wor (a,)| 
le; 2 le; 2 
ee Pea] + & Fi-oco(@a)] 
le; le; 
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le; le; 
» T Ao(i) (4 )T he o(a) (uj) + SS ¢ Ao(i) (U5) Oh cg) (Hs) 
2, wz a 
le; 
m ao Roi) Us) xm 9a) (w;) 
@D(A;, A*) = os Ms le; i. 2 le; 2 
cee » aes (i,)| + = es (i;)| 
“e: 2 ce 2 
+ RZ u + T u 
& [Raewots)] +& [Foe @)] 
le; 2 le; 2 
+ vy. U + RY, U 
©, Feo tad] + & [Rion] 


We use the following formulas under theS V NGF information. 
Under INH F information, we use the following formulas: 
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ie aes i=l 
2) iatps(A, B) =D) mi te; 


— 


@D PsA, B) = yom le; 
Gai 
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le; 5 le; 
, ‘iF a UU (ae (a, 
De Thats) Us) The ota) Es) + Ds Thora! i) Tnotis g)+ 
le; le; 
z 7 7U. 7*U | 
aos ar (OOH oe (w;) + i Cia (i) UI) Cae oa) a) 
le; le; 
= om > Raa) UIP Ae g(a Us) + Be Ria iy Ha) Pe 9a) Gs) 
oC waps(A, B) = Dm <i tas 
TY Boel +E ae 
© [FG] +2 [Ea] + 
le; : 2 le; és 2 
Xow @] +X [Fhe ts) 
le; 2 le; i 2 
\ aa Fc (@) +o [Fee (ta 
le; 7 2 le; uv 2 
© [fom] +X [Fy (@s)| 
le; 2 le; u 2 
+E elt] +E [ey (@s)| 
le; 2 le; = 2 
\ > Xo (%s)| +2 FS, (@s)| 
(18) 


4.1. Practical example. This example is adopted from Ye is used as the 
demonstration of the effectiveness of the proposed decision making method in real 


life problem. 
For SVNH information 


There is an investment company, which wants to invest some money in the best 
option. There is a panel with four possible alternatives to invest the money: 


(1) 


A, is a car company (2) A» is a food company , (3) Ag is a computers 


company, (4) A, is an arms company. The following three criterions on which the 
investment company must take decision are (1) C; is the risk, (2) C2 is the growth, 
(3) C3 is the environmental impact. The weight vector of the criteria is given as 
(0.35, 0.25,0.4)? the four possible alternative 

The decision matrix for attributes and alternative the data is represented by 


SVNHEN 
Cy 
i {0.3, 0.4}, {0.2, 0.3}, 
{0.5, 0.6} 
; A {0.9, 1}, {0.05, 0.07}, 
D= a {0.01, 0.02} 
5 {0.5, 0.6}, {0.2, 0.3}, 
2 {0.1, 0.2} 
a {0.9, 1}, {0.1, 0.2}, \ 
: {0.15, 0.25} 


C2 
{0.4, 0.5}, {0.1, 0.3}, 
{0.4, 0.6} 
{0.8, 0.9}, {0.1, 0.2}, 
{0.1, 0.2} 
{0.5, 0.7}, {0.1, 0.2}, 
{0.2, 0.3} 
{0.8, 0.9}, {0.1, 0.2}, 
{0.1, 0.2} 


C3 
{0.1, 0.2}, {0.3, 0.4}, 
{0.6, 0.7} 

{0.7, 0.9}, {0.1, 0.2}, 
£0.01, 0.02} 
{0.5, 0.7}, {0.1, 0.2}, 
{0.2, 0.3} 

{0.4, 0.5}, {0.2, 0.4}, 
{0.3, 0.5} 
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Table 1: The values obtained through the defined weighted vector similarity 
measures for SVNHF'S 


7 W Jsvnur(A*, Ag) WD wea A 4s Ar) WC ep plA’ An) 
Ay 0.2254 0.3384 0.4099 
As 0.9420 0.9762 0.8752 
As 0.68125 0.81120 0.8812 
Ay 0.73040 0.8205 0.8395 


Ranking order Ay> Ag> Az> A, Ag> Ag> Az> A}, Ag > Ap> Ag> At 
The values obtained in table 1 shows that the Jaccard and Dice similarity mea- 
sures have the same result that is As is the best alternative while the Cosine simi- 
larity measure shows that As is the best alternative. From table 1 we conclude that 
the Jaccard and Dice similarity measure are better to use in multi-criteria decision 
making. 
For INS information 
Now we consider the above example for INH F Ss, 
The decision matrix for attributes and alternative the data is represented by 


INHFN 
Cy Ce C3 
{[0.3, 0.4], [0.4, 0.5] }, {[0.4, 0.5], [0.5, 0.6]}, {[0.1, 0.2], [0.2, 0.3]}, 
Aj {[0.2, 0.3], [0.3, 0.4] }, {[0.1, 0.2], [0.3, 0.4]}, {[0.3, 0.4], [0.4, 0.5]}, 
{[0.5, 0.6], [0.6, 0.7]} {[0.4, 0.5], [0.5, 0.6]} {[0.6, 0.7], [0.7, 0.8]} 
{[0.8, 0.9], (0.9, 1]}, {[0.8, 0.9], [0.9, 1]}, {[0.7, 0.8], [0.9, 1]}, 
; A {[0.01, 0.02], [0.02, 0.03]}, {[0.1, 0.2], [0.2, 0.3]}, {[0.05, 0.15], [0.15, 0.25]}, 
D= {[0.01, 0.02], [0.02, 0.03]} {[0.1, 0.2], (0.1, 0.2]} {[0.01, 0.02], [0.05, 0.09]} 
{[0.5, 0.6], [0.6, 0.7] }, {[0.4, 0.5], (0.5, 0.7]}, {[0.4, 0.5], (0.5, 0.7]}, 
A3 {[0.2, 0.3], [0.3, 0.4] }, {[0.1, 0.2], (0.2, 0.3]}, {[0.1, 0.2], [0.2, 0.3]}, 
{[0.1, 0.2], [0.2, 0.3]} {[0.2, 0.3], [0.3, 0.4]} {[0.2, 0.3], [0.3, 0.4]} 
{[0.8, 0.9], [0.9, 1]}, {[0.7, 0.8), [0.9, 1]}, {[0.4, 0.5], [0.5, 0.6]}, 
Ay {[0.1, 0.2], [0.2, 0.3] }, {[0.1, 0.2], [0.2, 0.3]}, {[0.2, 0.3], [0.3, 0.5]}, 
{[0.15, 0.25], [0.25, 0.35]} {[0.1, 0.2], [0.2, 0.3]} {[0.3, 0.4], [0.4, 0.5]} 


Table 2: The values obtained through using weighted vector similarity measures 


for INHFN 
, W Jsvnur() 
A, 0.2825 
Ao 0.9437 
As 0.6100 
Aa 0.7171 


Ranking order Ag + As > Ag > Ay 


W DsvwuF() 
0.4238 


0.9708 
0.7568 
0.8197 


Ag» Ay Ag > Ax, 


WJsvnuF() 
0.4357 
0.9765 
0.7297 
0.8337 
Ao > Aa aa A3 rae Ai 


The values obtained from table 2 shows that the best alternatives is Ao. 


5. PATTERN RECOGNITION 


In this section we applied the above defined vector similarity measures to pattern 
recognition. The method use here is adapted from Ye[36]. 


Example 5.1. We are given three sample pattern Ay, Ao, and A3 respectively which 
are represented by the following SVNHF S's in the finite universe U = {aj, d2, a3}. 
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We are also given an unknown pattern Q. Our aim is to classify Q in one of the 
given pattern. The principle of recognizing pattern is that of the maximum degree 
of similarity between SVNHF'Ss is described by 


N = arg Maxy<r<3 {Coates (An Q)} 


A, = {(ay,{0.6,0.7}, {0.2, 0.3}, {0.3, 0.4}), (az, {0.4, 0.5}, {0.3, 0.4}, {0.4, 0.5}), 
(a3, {0.3, 0.4}, {0.2, 0.4}, {0.5, 0.7})} 

Ay = {(ax,{0.4,0.5}, {0.3, 0.5}, {0.5, 0.6}), (a2, {0.6, 0.7}, {0.2, 0.3}, {0.3, 0.4}), 
(a3, {0.5, 0.6}, {0.2, 0.3}, {0.2, 0.4})} 

A; = {(az,{0.2,0.3}, {0.3, 0.4}, {0.6, 0.7}), (az, {0.4, 0.5}, {0.3, 0.4}, {0.4, 0.5}), 


(az, {0.6, 0.7}, {0.2, 0.3}, {0.3, 0.4}) } 


© = {(a,{0.1,0.2}, {0.3, 0.4}, {0.7, 0.8}), (a2, {0.2, 0.3}, {0.3, 0.4}, {0.6, 0.7}), 
(a3, {0.4, 0.5}, {0.3, 0.5}, {0.5, 0.6})} 


(A,, Q) = 0.3501, (Ag, Q) = 0.4317, (Az, Q) = 0.4723 


One can observe that the pattern should be classified in A3 according to the 
pattern recognition principle. This result is the same obtained by Ye[36]. 
For INHFS 


Example 5.2. For INHFS we use the same example defined above just the pat- 
terns are represented by INHFSs. 


}), 
(ag, {[0.3, 0.4], [0.4, 0.5]}, {[0.3, 0.4], (0.3, 0.4]}, {[0.3, 0.4], [0.4, 0.5]}) 
(ag, {[0.2, 0.3], [0.3, 0.4]}, {[0.1, 0.3], (0.2, 0.4]}, {[0.4, 0.6], [0.5, 0.7]}) 
Ay = {lay,{[0.3, 0.4], (0.4, 0.5]}, {[0.2, 0.3], (0.4, 0.5]}, {[0.3, 0.5], [0.4, 0.6]} 

(az, {[0.4, 0.6], [0.5, 0.7}}, {[0.2, 0.3], (0.3, 0.4] }, {[0.3, 0.4], [0.4, 0.5]}) 

(a3, {[0.4, 0.5], [0.6, 0.7]}, {[0.1, 0.2], (0.2, 0.3] }, {[0.1, 0.3], [0.2, 0.4]}) 
As; = {lay,{[0.1,0.2], (0.2, 0.3]}, {[0.2, 0.3], (0.3, 0.4]}, {[0.5, 0.6], [0.6, 0.7]} 
(ag, {[0.3, 0.4], [0.4, 0.5]}, {[0.2, 0.3], [0.3, 0.4]}, {[0.3, 0.4], (0.4, 0.5]}) 
(ag, {[0.5, 0.6], [0.6, 0.7]}, {[0.1, 0.2], (0.2, 0.3]}, {[0.2, 0.3], [0.3, 0.4]}) 


QO = {(ar,{[0.1,0.3], (0.2, 0.4]}, {[0.2, 0.3], 0.3, 0.4]}, {[0.6, 0.7], [0.7, 0.8]}), 
(ag, {0.1, 0.2], [0.2, 0.3]}, {[0.2, 0.4], (0.4, 0.5]}, {[0.5, 0.7], (0.6, 0.8]}), 
(a3, {[0.2, 0.4], [0.4, 0.6]}, {[0.3, 0.4], [0.4, 0.5]}, {[0.4, 0.5], (0.5, 0.6]})} 


(Ai, Q) = 0.1954, (Ao, Q) = 0.1960, (Az, Q) = 0.2150 


One can observe that the pattern should be classified in Ag according to the 
pattern recognition principle. This result is the same obtained by Ye[36]. 
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6. DISCUSSION 


As simplified neutrosophic hesitant fuzzy set is an important extension of the 
Fuzzy set(F'S), Intuitionistic fuzzy set(IF'S), Single valued neutrosophic set(SV Ns S), 
interval neutrosophic set (INS ),Hesitant fuzzy set(H F'S) and Dual hesitant fuzzy 
set(DHF; S), single valued neutrosophic hesitant fuzzy set (SVNHF S), interval 
neutrosophic hesitant fuzzy set (I NHF S'). As mentioned above that hesitancy 


is the most common problem in decision making for which HFS is a suitable 
means by allowing sevres possible values for an element to a set. However in 


HFS they consider only one truth-membership function and it cannot express this 
problem with a few different values assigned by truth-membership hesitant degree, 
indeterminacy-membership degree, and falsity-membership degrees due to doubts of 
decision makers.and also in DH F'S they consider two functions that is membership 
and non-membership functions and can not consider indeterminacy-membership 
function. Therefore simplified neutrosophic sets is the more suitable for decision 
making and can handle incomplete, inconsistence and indeterminate information 
which occur in decision making. The other advantege of the simplified neutrosophic 
set is that it contain the concept of single valued neutrosophic hesitant fuzzy sets 
and as well as interval neutrosophic hesitant fuzzy sets. As comparing to other 
sets the simplified neutrosophic hesitant fuzzy set contain more information and 
the decision makers can get more information to take their decision. 


7. CONCLUSION 


As simplified neutrosophic hesitant fuzzy set (S NHFS ) is a new extension which 
consists of the concept of Fuzzy set(F'S),Intuitionistic fuzzy set(IF'S), Single val- 
ued neutrosophic set(SV Ns S'), interval neutrosophic set (INS), Hesitant fuzzy 
set(H F'S) and Dual hesitant fuzzy set(DHF'S), single valued neutrosophic set 


(SVNHF S'), interval neutrosophic hesitant fuzzy set (I NHF S). In this article 
we defined vector similarity measures for simplified neutrosophic hesitant fuzzy set 
and applied them to multi-criteria decision making and pattern recognition. We 
also observe that the Jaccard and Dice similarity measures are better to apply 
in multi-criteria decision making problem then the Cosine similarity measure. In 
future we shall apply the above distance measures to medical diagnosis and also 
defined for Neutrosophic Overset, Neutrosophic Underset, and Neutrosophic Offset. 
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